Introduction {#H1-1-ZOI190138}
============

During the past 30 years, the Western Hemisphere witnessed the arrival of a number of unexpected and important arthropod-borne viruses (arboviruses): dengue trickled in with small outbreaks that became more aggressive in the 1990s,^[@zoi190138r1]^ West Nile virus (WNV) emerged in 1999,^[@zoi190138r2]^ chikungunya in 2013,^[@zoi190138r3]^ and in 2015, Zika virus became a global health emergency.^[@zoi190138r4]^ Arboviruses are viruses transmitted by arthropods, predominantly mosquitoes and ticks, and are often maintained in complex zoonotic transmission cycles.^[@zoi190138r5]^ Arboviruses are normally maintained in wild animal reservoirs, such as nonhuman primates or birds, making elimination difficult and prediction of spillover to humans challenging.^[@zoi190138r6],[@zoi190138r7]^ As a consequence, effective allocation of public health resources is complicated and often reactive. Quantitative decision support tools that accurately and rapidly forecast the progression of arbovirus outbreaks and future human case numbers have the potential to help public health officials better prevent, identify, and treat these emerging infectious diseases.

In the continental United States, the arbovirus most monitored is WNV (family Flaviviridae, genus *Flavivirus*). West Nile virus is the leading cause of domestically acquired arboviral disease and has produced the 3 largest arboviral neuroinvasive disease outbreaks ever recorded.^[@zoi190138r8]^ In response to the emergence of WNV in the Western Hemisphere, the US Congress provided funding to establish ArboNET, an electronic surveillance system for arboviral diseases in the United States, and to support surveillance activities in affected states and large cities. Surveillance consists of 2 distinct but complementary measures: (1) a network monitoring WNV activity in mosquito vectors and nonhuman vertebrates and (2) a passive system that records WNV human disease, which can be used to quantify disease burden and identify seasonal, geographic, and demographic patterns of morbidity and mortality in humans.^[@zoi190138r9]^

The principal objective of WNV surveillance is to provide a robust data stream for public health officials and community-based mosquito management programs that quantifies the intensity of virus transmission and can be used as an evidence-based decision support tool.^[@zoi190138r10],[@zoi190138r11]^ Ideally, this surveillance should also support accurate real-time WNV forecasting. Such a forecasting system would provide public health officials and mosquito control programs with expected likelihoods describing how outbreaks may progress. These forecasts would, in turn, support an evidence-based decision-making approach for targeting control of infected mosquito populations (ie, larviciding \[insecticide applications targeting mosquito larvae\] and adulticiding \[insecticide applications targeting adult mosquitoes\]), alerting the public to future periods of elevated WNV spillover transmission risk, and identifying when to intensify blood donor screening. However, a forecasting tool must be tested in real time to determine whether the forecasting apparatus and observational network are sufficient to support accurate operational prediction.

In a recent study,^[@zoi190138r12],[@zoi190138r13]^ we showed that accurate and reliable forecasts of WNV outbreaks can be made using WNV surveillance data and a mathematical model representing the transmission dynamics of WNV among mosquitoes and birds, as well as spillover to humans. This model system was able to retrospectively forecast mosquito infection rates prior to the week of mosquito peak infection and to forecast accurately the seasonal total number of human WNV cases prior to when the majority of cases were reported. However, for this forecasting system to operate effectively in real time, timely data streams are needed. Mosquito monitoring practices vary around the country and are influenced by local socioeconomic factors, the tax base, and the public and political will to budget for mosquito surveillance.^[@zoi190138r6],[@zoi190138r14],[@zoi190138r15],[@zoi190138r16]^ In addition, the reporting of human WNV disease has long lag times that influence our understanding of how an outbreak is progressing and challenge our ability to generate accurate real-time forecasts.

We report the results from real-time forecasting during the 2017 WNV season in 4 mosquito vector control districts (Chicago, Illinois^[@zoi190138r17]^; Coachella Valley, California^[@zoi190138r18]^; Suffolk County, New York^[@zoi190138r19]^; and St Tammany Parish, Louisiana^[@zoi190138r20]^) (eFigure 1 in the [Supplement](#note-ZOI190138-1-s){ref-type="supplementary-material"}) as well as operational challenges associated with these efforts. Each week during the 2017 season, observations of human WNV cases and mosquito infection rates were assimilated using a data assimilation method,^[@zoi190138r17]^ and a probabilistic forecast was generated in real time using 2 separate prediction models.^[@zoi190138r12],[@zoi190138r13]^ We report the accuracy of these real-time forecasts and quantify the association between reporting lags and forecast accuracy.

Methods {#H1-2-ZOI190138}
=======

This analysis used 2 forecasting systems, a baseline model with no temperature forcing^[@zoi190138r13]^ and a model that includes environmental forcing (average daily temperature \[ie, climatology\] for the region) by accounting for temperature modulation of the extrinsic incubation period for mosquitos.^[@zoi190138r12]^ Both models used a standard susceptible-infected-recovered epidemiological construct and were optimized using a data assimilation method and 2 observed data streams: mosquito infection rates and reported human WNV cases. The methodological approach and its application in real-time infectious diseases forecasting are briefly described later in this section. For further details on the validation of the WNV model-inference forecasting systems, see the articles by DeFelice et al.^[@zoi190138r12],[@zoi190138r13]^ The remainder of the Methods section describes how we used the observed reporting lags from the 2017 WNV season to evaluate the associations of reporting delays with forecast accuracy for 110 historical outbreaks.^[@zoi190138r12]^ We followed the Consolidated Health Economic Evaluation Reporting Standards ([CHEERS](http://www.equator-network.org/reporting-guidelines/cheers/))^[@zoi190138r21]^ reporting guideline to report the difference in likelihood of an accurate forecast given current reporting lags relative to ideal reporting of all data in real time. This research received institutional review board approval from Columbia University, which waived requirements for participant informed consent because the study used deidentified data.

Mosquito Data {#H2-1-ZOI190138}
-------------

Abatement districts carried out weekly mosquito surveillance subject to budgetary constraints, the severity of WNV, mosquito nuisance problems, and weather. This surveillance was conducted using gravid, carbon dioxide--baited, light, and sentinel traps, depending on the mosquito abatement district and the species being trapped. The total number of traps set each week within a season and mosquito abatement district varied. For more details on the testing protocol, differences among abatement district collections, mosquito types, and how data were transferred for forecasting, see the eAppendix and eTable in the [Supplement](#note-ZOI190138-1-s){ref-type="supplementary-material"}.

All mosquito pools reported at the time of forecast were used for model optimization. A maximum likelihood approach was used to estimate the weekly prevalence of infected mosquitoes^[@zoi190138r22]^ given the number of mosquitoes tested in each pool and detection of virus. The prevalence of infected mosquitoes represents both noninfectious mosquitoes, for which the virus is only in the midgut, and infectious mosquitoes, for which the virus has spread to the salivary glands. The eTable in the [Supplement](#note-ZOI190138-1-s){ref-type="supplementary-material"} presents statistics on mosquito collections by abatement district, including the primary vector, trap type, variability in traps per week, variability in mosquito pools per week, weeks forecasted (weeks with active monitoring after WNV virus was identified), the estimated peak mosquito infection rate (peak magnitude), the week of peak infection rates (peak timing), the number of *Culex* pools assayed for WNV, and the number of WNV-positive *Culex* pools.

Observed Human Cases {#H2-2-ZOI190138}
--------------------

In the United States, WNV is a nationally notifiable disease. Medical professionals are required to report a positive case of WNV to their local health department within 7 days of diagnosis; California requires reporting within 1 day.^[@zoi190138r23]^ Once a case is reported, either of neuroinvasive or nonneuroinvasive (West Nile fever) disease (eAppendix in the [Supplement](#note-ZOI190138-1-s){ref-type="supplementary-material"}), the local health department opens an investigation and confirms the case. On confirmation, the case is reported to the local mosquito abatement district. At that point, the human case record is available for assimilation into the model and can be backdated using the onset-of-illness date. For details on the differences in human case reporting among districts, as well as reporting lags between onset of illness and reporting to health departments and confirmation of the cases, see the eAppendix in the [Supplement](#note-ZOI190138-1-s){ref-type="supplementary-material"}.

To better understand human case reporting lags, historical information from the city of Chicago^[@zoi190138r24]^ was obtained describing the lag time between the date of illness onset and the date a suspected WNV case was reported to the local health department. Unfortunately, similar historical information was not available describing the typical period for determining whether a suspected case is probable or confirmed. Only observations from the 4 study locations forecast during the 2017 outbreak were used to estimate the reporting lag from disease onset date to when the investigation of a human WNV case was closed.

Forecasts {#H2-3-ZOI190138}
---------

The forecast system relies on 3 components: (1) a core compartmental epidemiological model representing the transmission dynamics of WNV among mosquitoes and birds, as well as spillover to humans^[@zoi190138r12],[@zoi190138r13]^; (2) WNV surveillance data, ie, vector mosquito WNV infection rates and reported human WNV cases; and (3) a data assimilation method (here, the ensemble adjustment Kalman filter^[@zoi190138r25]^). The data assimilation method uses the surveillance data to recursively inform and optimize an ensemble of model simulations and, in so doing, provide an improved, posterior estimate of the true state as well as estimates of unobserved state variables and parameters. The forecasting is then generated in 2 successive steps. First, an ensemble of model simulations is recursively optimized using the ensemble adjustment Kalman filter and weekly observations of mosquito infection rates and human WNV cases until the week at which a forecast is to be initiated (in real time, this is the current week). Through the recursive ensemble adjustment Kalman filter optimization, model variables and parameters are better aligned with the local dynamics of the outbreak as thus far observed. Next, a forecast is generated by integrating the optimized ensemble of model simulations through to the end of the season. For further details on the WNV model-inference forecasting systems, see the eAppendix in the [Supplement](#note-ZOI190138-1-s){ref-type="supplementary-material"} or the articles by DeFelice et al.^[@zoi190138r12],[@zoi190138r13]^

In real time, the future progression of an outbreak is unknown; thus, a reference point for the forecasts is needed. Here, the forecast reference is defined as forecast lead time, which is the number of weeks before or after the predicted peak of infected mosquitoes. This predicted peak is defined as the maximum weekly mosquito infection rate from the mean of the ensemble of simulations. This point can occur either in the posterior (the period for which observations have been assimilated) or in the mean ensemble forecast, depending on the trajectory of the forecast. Forecast lead time was calculated by subtracting the week of predicted peak mosquito infection from the week of forecast generation (in real time, the current week).^[@zoi190138r26]^

Expected accuracies were derived from historical forecast performance for the expected forecast lead time. A forecast was deemed accurate if (1) it peaked within 1 week of the observed peak of infected mosquitoes; (2) the maximum mosquito infection rate was within 25% of the observed peak infection rate; (3) the total number of human cases over the entire season was within 25% or 1 case of the total number of reported cases, whichever was larger; and (4) total infected mosquitoes were within 25% of the observed.

Association of Observational Lags With Forecasting Accuracy {#H2-4-ZOI190138}
-----------------------------------------------------------

To better understand the factors associated with forecast accuracy, retrospective forecasts for 110 historical outbreaks^[@zoi190138r12]^ were run with mock reporting delays generated from the 2017 real-time forecasting results ([Table](#zoi190138t1){ref-type="table"}). The 110 historical outbreaks were from 12 geographically diverse US counties. Two of the real-time forecast counties (Suffolk County and St Tammany Parish) were part of this analysis. For more details on the 110 retrospective forecast sites and years, see the article by DeFelice et al.^[@zoi190138r12]^

###### Different Reporting Delay Scenarios for West Nile Virus

  Scenario                                                        Human Case Lag Distribution, Mean (SD), wk[^a^](#zoi190138t1n1){ref-type="table-fn"}   Mosquito Testing Lag, wk
  --------------------------------------------------------------- -------------------------------------------------------------------------------------- --------------------------
  All data in real time                                           0                                                                                      0
  All health data in real time, mosquito testing state            0                                                                                      1
  Health department reporting lag, mosquito testing district      2.1 (1.4)                                                                              0
  Health department confirmation lag, mosquito testing district   5.5 (2.3)                                                                              0
  Health department reporting lag, mosquito testing state         2.1 (1.4)                                                                              1
  Health department confirmation lag, mosquito testing state      5.5 (2.3)                                                                              1

Reporting scenarios were generated using a Poisson distribution.

The generated reporting lags represent different reporting scenarios. For mosquito reporting lags, we used a 1-week lag to represent the delay between mosquito trapping and viral testing similar to the reporting lag seen when mosquito abatement districts send samples to the state for viral testing (IM~1~). We compare these lags with mosquito abatement districts that do in-house viral testing and have test results within the same week (IM~0~). To capture the variability in human case reporting, we compared 3 scenarios: (1) all human cases were reported within the week of illness (HC no lag) and all cases are compliant with the national notifiable disease guidelines, (2) human case reporting represented observed lags associated with case reporting to the health department (HC reported), and (3) human case reporting represented the lags associated with health department confirmation (HC confirmed). For these retrospective forecasts, human case reporting lags were randomly selected from a Poisson distribution.

Results {#H1-3-ZOI190138}
=======

Real-time forecasts were generated each week during the 2017 season following assimilation of the most recent available information. For the 4 locations, 37 human WNV cases were reported, and 212 179 collected mosquitoes were tested for WNV in 7064 pools (500 pools \[7%\] were positive). The accuracy of each real-time forecast by calendar week of forecast is shown in eFigure 2 through eFigure 5 in the [Supplement](#note-ZOI190138-1-s){ref-type="supplementary-material"}. Overall, the real-time forecasts were able to estimate accurately the timing and magnitude of the peak of infected mosquitoes and the total number of infected mosquitoes for the season in real time prior to the peak timing of infected mosquitoes; however, forecasts of human WNV cases showed little skill (the term *skill* is used to describe a model's measure of prediction accuracy to the observation being predicted). The breakdown in forecasting human cases occurred 1 to 2 weeks prior to the infected mosquito peak, a critical time when spillover events begin. During this period, the forecasts began to underestimate the total number of human WNV cases for the season.

Real-time forecast accuracy for the 4 locations was then compared with the accuracy previously derived during retrospective forecast^[@zoi190138r12],[@zoi190138r13]^ ([Figure 1](#zoi190138f1){ref-type="fig"}). Forecast accuracy for the peak week of mosquito infection rates was close to that generated for retrospective outbreaks. The temperature-forced forecasts oscillated around the historical probability of accurately forecasting each lead week, whereas the baseline forecasts were biased somewhat below the retrospective forecasts. The real-time peak magnitude forecasts did better than the retrospective predictions at 4 and 0 weeks prior to the predicted peak for the baseline and temperature-forced forecasts, respectively. The seasonal total number of infected mosquitoes was accurately forecast beginning 1 week past the predicted peak. Human case forecasts showed some skill 6 to 3 weeks prior to the predicted peak of infected mosquitoes but were not able to accurately forecast cases from 2 weeks prior to 3 weeks after the predicted peak (lead weeks −2 to 3), a forecast period on which we will now focus. As we will show, some of this forecast error was due to human case reporting lags ([Figure 2](#zoi190138f2){ref-type="fig"}).

![The Fraction of Accurate Real-Time Forecasts\
The temperature-forced model (orange circle) and baseline model (blue triangle) are reported as a function of lead week for the metrics human West Nile virus cases, peak timing (week of peak mosquito infection rates), peak infection rate, and total infectious mosquitoes. Real-time forecasts are compared against historically accurate forecasts for both the temperature-forced model (orange line) and baseline model (blue line) as a function of lead week for each metric.](jamanetwopen-2-e193175-g001){#zoi190138f1}

![West Nile Virus (WNV) Human Case Observations and Reporting Delays During 2017 at the 4 Study Sites\
The gray circles represent the week of illness onset and the blue diamonds indicate the week each case was confirmed and reported to the public. The lag time between onset of illness and case confirmation is highly variable, ranging from 2 weeks to 14 weeks. CDC indicates Centers for Disease Control and Prevention; ID, identification number.](jamanetwopen-2-e193175-g002){#zoi190138f2}

Using 110 historical outbreaks from multiple locations around the country, we evaluated how reporting lags of human cases are associated with forecast accuracy under the scenario of no mosquito testing lag (an onsite laboratory) and different human case reporting lags ([Figure 3](#zoi190138f3){ref-type="fig"}, [Figure 4](#zoi190138f4){ref-type="fig"}, and the [Table](#zoi190138t1){ref-type="table"}). There was a mean (SD) lag of 2.1 (1.4) weeks (range, 0-8 weeks) between disease onset and when the local health department received the data. This lag reduced average forecast accuracy for total human cases in the temperature-forced and baseline forecasts by 10% and 2%, respectively, for lead weeks −2 to 3, the period when 47% of human cases were reported. Once the health department receives a potential case of WNV, it needs to be confirmed. The combined delay due to notification of the health department and confirmation of the case produced a mean (SD) lag of 5.5 (2.3) weeks (range, 2-14 weeks) between onset of illness and data release to the public during 2017 in the 4 study regions ([Figure 2](#zoi190138f2){ref-type="fig"}). During lead weeks −2 to 3, this longer combined lag time was associated with reduced average forecast accuracy of 26% and 14% for the temperature-forced and baseline forecasts, respectively.

![The Temperature-Forced Model Under Different Disease Reporting Scenarios\
The fraction of accurate retrospective forecasts plotted as a function of lead week for the metrics human West Nile virus cases, peak timing (week of peak mosquito infection rates), peak mosquito infection rate, and total infectious mosquitoes. Each line represents a different reporting scenario. Lines have no infectious mosquito lag (IM~0~), whereas lines with circles, squares, and triangles have a 1-week lag between trapping and reporting of infectious mosquitoes (IM~1~). The navy lines represent forecasts run with no human case reporting lag (HC no lag); orange lines represent the lag between illness onset and reporting to public health departments (HC reported mean \[SD\], 2.1 \[1.4\] weeks); and the blue lines represent the lag between onset and confirmation (HC confirmed mean \[SD\], 5.5 \[2.3\] weeks).](jamanetwopen-2-e193175-g003){#zoi190138f3}

![The Baseline Model Under Different Disease Reporting Scenarios\
The fraction of accurate retrospective forecasts plotted as a function of lead week for the metrics human West Nile virus cases, peak timing (week of peak mosquito infection rates), peak mosquito infection rate, and total infectious mosquitoes. Each line represents a different reporting scenario. Lines have no infectious mosquito lag (IM~0~) whereas lines with circles, squares, and triangles have a 1-week lag between trapping and reporting of infectious mosquitoes (IM~1~). The navy lines represent forecasts run with no human case reporting lag (HC no lag); orange lines represent the lag between onset and reporting to public health departments (HC reported mean \[SD\], 2.1 \[1.4\] weeks); and the blue lines represent the lag delay between onset and confirmation (HC confirmed mean \[SD\], 5.5 \[2.3\] weeks).](jamanetwopen-2-e193175-g004){#zoi190138f4}

In addition to accounting for the human case reporting lags, we also evaluated the associations between the reporting lag for mosquito infection rates and processing occurring at a state laboratory. Suffolk County^[@zoi190138r19]^ and St Tammany Parish^[@zoi190138r20]^ used a state laboratory, which subsidized testing but delayed processing. St Tammany Parish and Suffolk County had lags of 4 to 10 days and 5 to 11 days, respectively, between mosquito trapping and state provision of test results. The mosquito reporting lag associated with processing occurring at a state laboratory was a mean (SD) of 6.6 (2.6) days; thus, we represented this lag as a 1-week delay of mosquito infection rate reporting ([Figure 3](#zoi190138f3){ref-type="fig"}, [Figure 4](#zoi190138f4){ref-type="fig"}, and the [Table](#zoi190138t1){ref-type="table"}). This 1-week lag had minimal association with human case forecasting accuracy; however, it was associated with reduced forecasting accuracy for the 3 mosquito outcomes. For both the baseline and temperature-forced models, forecast accuracy during lead weeks −2 to 3 decreased by approximately 5% for all 3 indicators.

Discussion {#H1-4-ZOI190138}
==========

This study highlights some of the current challenges impeding operational implementation of real-time arbovirus infectious disease forecasts in the United States. Specifically, we found that current delays in reporting of confirmed human WNV cases and infectious mosquitoes were associated with decreased real-time forecasting accuracy and utility as an evidence-based decision support tool.

Currently, human case reporting has significant lags related to communication from medical professionals to local health departments, laboratory confirmation, and the interview process used to determine where and when the infection was acquired. In addition to these lags, sharing these data (ie, location and date of disease onset) with local mosquito abatement districts may be limited owing to confidentiality constraints. In the future, accelerating and standardizing the appropriate transfer of timely human case information is needed.

Mosquito lags are shorter and associated with less reduction in accuracy than human case reporting lags but could also be shortened. The mosquito-testing lags were 5 to 8 days longer in state-run laboratories than onsite laboratories. The cost of this mosquito-testing lag was seen prior to the peak of mosquito infection rates, a critical period during which a better understanding of viral prevalence may provide more scientific guidance on decisions directing specific mosquito control practices. Evidence suggests that the timing of 2 key mosquito control interventions, larviciding and adulticiding, is critical for reducing the impact of WNV on humans.^[@zoi190138r16],[@zoi190138r27],[@zoi190138r28]^ The costs of switching from state-run to onsite mosquito infection assessment varies. For example, for St Tammany Parish, the cost would be \$15 per test for onsite testing compared with \$1.50 per test for tests run by the state. In contrast, Suffolk County is fully subsidized by the state and would likely need to budget \$15 to \$30 per sample for onsite testing. A full assessment of the costs of switching to onsite testing across different abatement districts is beyond the scope of the present study and is left for future work.

For surveillance data and forecasting to help support more targeted and cost-effective interventions, they must have minimal reporting lags, be analyzed quickly, and be presented in easy-to-understand visualizations depicting the current state of circulating virus with probabilities of the likely progression to spillover in a given area. Thus, it is important to develop and standardize a way to communicate risk among mosquito abatement districts, public health departments, and medical professionals to prevent the spread of arbovirus infections. All 3 stakeholders play a unique role in preventing an arbovirus outbreak, and the information each group collects is valuable to the others. Providing medical professionals with a better understanding of entomological risk will give them another data point to help guide clinical differential diagnosis. In return, medical professionals could provide public health departments and mosquito abatement districts with more rapid diagnostic information on spillover events and the current status of an outbreak. High-quality outbreak data reported in a timely fashion are a needed component for forecasting systems, which will help enable better-targeted and more cost-effective interventions.

Limitations {#H2-5-ZOI190138}
-----------

This study has limitations. In 2017, real-time forecasting of WNV was conducted in 4 unique geographical locations across the United States. Although these sites capture a variety of governing structures between health department and vector control district, they represent only a small fraction of the vector control districts across the United States. Thus, the data used for confirmed human case reporting lags may underrepresent or overrepresent the time it takes to confirm each case. In addition to the time lag between onset and confirmation, human case reporting lags could only be derived from historical outbreaks in the city of Chicago. The city of Chicago reports human WNV cases electronically, which may reduce the reporting lag relative to other health departments. Chicago has also experienced multiple large outbreaks; as a consequence, clinicians may be more aware of reporting practices than in other parts of the country, and reporting lags may underrepresent the rest of the country (even though WNV is a national notifiable disease for which a positive case must be reported to local health department within 7 days of diagnosis). In addition, the study is biased toward mosquito abatement districts and health departments where WNV is endemic and resources are devoted toward surveillance.

Conclusions {#H1-5-ZOI190138}
===========

Delays in reporting human WNV cases and infectious mosquito information hinder outbreak surveillance and corrupt real-time forecasting accuracy. During 2017 at 4 studied sites, infectious mosquito reporting lags were short enough that skillful forecasts could still be generated for mosquito indicators; however, human WNV case lags were too great to support accurate forecasting. WNV forecasting is potentially an important evidence-based decision support tool; however, for this tool to support more targeted and cost-effective interventions, more resources are needed to reduce data reporting lags.
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**eAppendix.**Data and Forecasts

**eFigure 1.** Four Mosquito Abatement Districts in 4 Different States

**eFigure 2.** Forecasts Generated Each Week During the 2017 WNV Outbreak for the City of Chicago

**eFigure 3.** Forecasts Generated Each Week During the 2017 WNV Outbreak for Coachella Valley

**eFigure 4.** Forecasts Generated Each Week During the 2017 WNV Outbreak for St Tammany Parish

**eFigure 5.** Forecasts Generated Each Week During the 2017 WNV Outbreak for Suffolk County

**eTable.** Overview of Mosquito Infection Rates and Mosquito Data Used to Generate Real-Time Forecasts During the 2017 WNV Season
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Click here for additional data file.
